Muscle size in the lower limb is commonly assessed in neuromuscular research as it correlates with muscle function and some approaches have been assessed for their ability to provide valid estimates of muscle volume. Work to date has not examined the ability of different measurement approaches (such as cross-sectional area (CSA) measures on magnetic resonance (MR) imaging) to accurately track changes in muscle volume as a result of an intervention, such as exercise, injury or disuse. Here we assess whether (a) the percentage change in muscle CSA in 17 lower-limb muscles during 56 days bed-rest, as assessed by five different algorithms, lies within 0.5% of the muscle volume change and (b) the variability of the outcome measure is comparable to that of muscle volume. We find that an approach selecting the MR image with the highest muscle CSA and then a series of CSA measures, the number of which depended upon the muscle considered, immediately distal and proximal, provided an acceptable estimate of the muscle volume change. In the vastii, peroneal, sartorius and anterior tibial muscle groups, accurate results can be attained by increasing the spacing between CSA measures, thus reducing the total number of MR images and hence the measurement time. In the two heads of biceps femoris, semimembranosus and gracilis, it is not possible to reduce the number of CSA measures and the entire muscle volume must be evaluated. Using these approaches one can reduce the number of CSA measures required to estimate changes in muscle volume by ∼60%. These findings help to attain more efficient means to track muscle volume changes in interventional studies.
Introduction
Muscle volume is commonly used as an indicator of muscle size. Muscle size can also be taken to mean its cross-sectional area (CSA), either at a specific anatomical point or from a series of points along the length of a muscle. The size of skeletal musculature is frequently measured as part of human research in a number of fields as it correlates with a variety of functional parameters (Blazevich et al 2009 , Fukunaga et al 2001 , Trappe et al 2001 . A number of factors determine the functional characteristics (e.g. force, power or stiffness) of individual muscles. Aside from neuromuscular control, fibre-type characteristics and muscle fibre pennation angle, one of the factors is the amount of muscle bulk present (Narici et al 1989) . Furthermore, muscle size measurements are often used as a surrogate outcome parameter for understanding muscle function where measuring individual muscle force output in vivo and/or electromyography are not possible or appropriate. Thus, the measurement of muscle size, often via magnetic resonance imaging (MRI), is widely used in neuromuscular research.
One of the difficulties encountered when using this parameter is that the measurement of the 'size' of a muscle (i.e. its entire volume) can be very time consuming and technically difficult. Typically, a series of MR images are taken from a body region and then an operator must manually trace around the border of the muscle(s) of interest, calculate the area and repeat the process for subsequent MR images of a given muscle. In our experience, the measurement of muscle volume of the lower-limb musculature in one leg of a single subject based upon 65 images requires approximately 10 h of operator time. This can vary depending upon the number of MR images present. Given that investigations of the musculature commonly involve multiple subjects measured at multiple time-points, it is easy to see how such measurements can become very time consuming. Whilst some semi-automated MR image analysis packages exist (e.g. Brem et al 2009) which can potentially reduce operator time for the measurement of certain muscles, their use commonly relies upon stark contrast differences in the MR images to enable the software to delineate muscle borders. Depending on the quality of images obtained and the particular muscle being imaged, clear delineation of muscle borders is not always possible. Hence, the underlying problem of operator time required to measure multiple images and subsequently estimate muscle size remains. One method which would assist in the reduction of operator time would be to decrease the number of images analysed. However, this raises the question of how correctly sub-sets of the image stack are able to adequately represent the whole muscle volume.
A summation of CSA measurements from individual images is commonly used to estimate the whole muscle volume. It is generally assumed that individual CSA measurements are an appropriate surrogate for whole muscle volume measures. Some prior works have tested this assumption and have shown that individual CSA measurements are correlated with overall muscle volume in the quadriceps femoris (Morse et al 2007 ), vastii, adductors, hamstring (Mathur et al 2008 , triceps surae (Albracht et al 2008) and anterior tibial (Esformes et al 2002 , Lund et al 2002 muscle groups. Given this information, it would be useful to examine a wider range of lower-limb muscle groups to see whether it is possible to represent muscle volume by a smaller subset of CSA measurements and hence reduce operator time.
Typically, when prior studies have examined the correlation between the CSA and muscle volume measures, they are cited by others as validation that a particular measure can be used to assess the effect of an 'intervention', such as exercise, injury or disuse, on muscle (e.g. Esformes et al (2002) is cited by Reeves et al (2004) for this purpose). Whilst a significant correlation may be found between muscle volume and, for example, a CSA measure as part of a cross-sectional study, this does not imply that this same measure will be able to accurately track changes in muscle volume as part of an interventional study. The goal of this study is to analyse different algorithms in their accuracy in predicting muscle volume changes due to an intervention based on a limited number of MRI images. One work (Tracy et al 2003) has considered this issue for the quadriceps muscle, but a similar analysis considering a number of muscles in the lower limb has not been conducted. In the case of this work, we draw on data considering changes in muscle volume during prolonged bed-rest with and without exercise in male individuals (Belavý et al 2009a (Belavý et al , 2009b .
Materials and methods

Bed-rest study characteristics
Twenty male individuals underwent 56 days of strict bed-rest as part of the Berlin Bed-Rest Study. The study goal, methodology and subject inclusion and exclusion criteria have been described and discussed elsewhere (Rittweger et al 2006 (Rittweger et al , 2010 . Strict horizontal bed-rest was employed; subjects performed all hygiene in the supine position and were discouraged from moving excessively or unnecessarily. The institutional ethics committee approved this study and subjects gave their informed written consent. Subjects were randomized to either a countermeasure exercise group (n = 10) or an inactive control group (n = 10). The countermeasure exercise protocol, performed a total of 11 times per week, is discussed in detail elsewhere (Armbrecht et al 2010 , Belavý et al 2009b . The effects of bed-rest (Belavý et al 2009a) and the exercise countermeasure (Belavý et al 2009b) on muscle volume changes during bed-rest have been published elsewhere.
Magnetic resonance imaging protocol, image analysis and data characteristics
Baseline MR scanning was conducted on the first day of bed-rest and then at 2 week intervals (day 14, day 28, day 42 and day 56) through to the end of the bed-rest period. Subjects were positioned on the scanning bed in supine with their knees and hips supported in slight flexion by a pillow under the knee. Transverse MR images were acquired using a 1.5 Tesla Magnetom Vision system (Siemens, Erlangen, Germany) from the lower limbs. Typically, 35 images of the thigh (from the superior aspect of the head of femur to the knee joint line; thickness = 10 mm; interslice distance = 5 mm, TR = 6000 ms, TE = 15 ms, FA = 180
• , field of view: 480 × 480 mm interpolated to 512 × 512 pixels) and 30 images of the lower leg (knee joint line to the distal most portion of the lateral malleolus; thickness = 10 mm; interslice distance = 5 mm, TR = 4800 ms, TE = 15 ms, FA = 180
• , field of view: 340 × 340 mm interpolated to 512 × 512 pixels) were acquired, though for taller subjects, additional images were added to ensure the region of interest was captured. Images were stored for offline analysis.
One operator (TM) performed all image measurements. Only the left leg was considered in analyses. To ensure operator blinding to study time-point and subject group, each data set was assigned a random number (www.random.org). ImageJ (Ver. 1.38x, http://rsb.info.nih.gov/ij/) was used for MR image analysis. The CSA of the following muscles in the thigh was measured in each image: rectus femoris, vastii, sartorius, gracilis, adductor magnus, adductor longus, biceps femoris long head, biceps femoris short head, semitendinosus and semimembranosus. Whilst adductor magnus and adductor longus could be readily differentiated from adductor brevis, this adductor muscle could not easily be differentiated from pectineus and hence was not measured. In the lower leg the following muscles were measured: gastrocnemius lateralis, gastrocnemius medialis, soleus with flexor hallucis longus (as too few anatomical landmarks (e.g. fascia) were available on MRI, soleus was difficult to separate from flexor hallicus longus in a number of subjects), tibialis posterior, flexor digitorum longus, peroneal group (peroneus longus, brevis and tertius), anterior tibial muscles (tibialis anterior, extensor digitorum longus, extensor hallucis longus). More details regarding image measurement can be found in Belavý et al (2009a Belavý et al ( , 2009b . Muscle volume was calculated via linear interpolation (given a slice thickness of 10 mm and interslice distance of 5 mm).
A total of 90 lower leg and 91 thigh data sets were available for analysis. In some instances (such as due to scanner failure or movement artefacts; see Belavý et al (2009b) ) data were not available from all subjects on all study dates.
Muscle volume prediction algorithms
As our interest was in change in muscle volume, we test prediction of changes in muscle volume due to bed-rest based on a limited number of MR images. Five different algorithms were tested in their accuracy to predict muscle volume based on a limited number of MRI slices. For each algorithm, muscle volume was derived from CSA measurements and compared with muscle volume derived from the entire MRI data set (figure 1).
• Algorithm 1: the largest single CSA measurement as well as the sum of the 3, 6, 9, 12, 15 and 18 largest CSA measurements. 7 sub-algorithms in total (1-18 CSA measurements in each muscle size estimate):
whereŝ is the muscle size estimator (average CSA), A is the muscle CSA in a given image, i = 0 corresponds to the largest CSA measurement, and i = 1 corresponds to the image (P.1) with the second largest CSA measurement) and n is the total number of CSA measurements.
• Algorithm 2: the position of the largest CSA measurement (P.0) was located and taken as the first measurement of muscle size, then incorporating the next CSA immediately adjacent and distal to P.0 (2 slices). For the next sub-algorithm, the same two CSA measures were then also used with the third CSA measure immediately adjacent and proximal to P.0 (3 slices). This process of progressively adding one slice distally and then proximally was repeated until a total of 23 CSA measures were incorporated in the final sub-algorithm:ŝ
whereŝ is the muscle size estimator (average CSA), A (P.0) is the largest CSA measurement, i indicates images that are distal to the image with maximal muscle CSA (P.0), k indicates images that are proximal to the image with maximal muscle CSA (P.0), A is the CSA of the muscle in the image in question and n i and n k are the number images distal and proximal to image P.0. Here n i and n k increase asynchronously (first n i by 1, then n k by 1, etc). Where the proximal or distal end of the muscle was reached, further CSA measurements were included only from the end of the muscle that was still present.
• Algorithm 3: the same as algorithm 2 except that every second image was taken distally and proximally, thus covering a larger overall muscle volume with fewer individual CSA measurements (up to 19 slices).
• 19 sub-algorithms in total (1-19 CSA measurements in each muscle size estimate): Figure 1 . Description of muscle size measurement algorithms. Data presented are from the soleus muscle in one subject. '0' denotes the image with the largest CSA measure. Positions proximal and distal from image 0 are then given as negative and positive numbers, respectively. Algorithm 1 selects the largest CSA measurement (marked as image '0' in the plot) and then progressively adds more and more CSA measurements to the muscle size estimate (progressing to the smallest; i.e. in the above data set, in the order 0, −2, −1, +1, −3, +2, −4 . . . ). Algorithm 2 selects the largest CSA measurement ('0' above), and then for the next sub-algorithm selects the next most distal image ('+1' above), then the next proximal image ('−1' above), and progressively including more and more images surrounding the peak CSA measurement to the measurement of muscle size (i.e. in the image order 0, +1, −1, +2, −2, +3 . . . ). Algorithm 3 is the same as algorithm 2, except that every 2nd CSA measurement is skipped, so that the inter-image distance is 2 cm and a greater volume of muscle is covered (i.e. in the image order 0, +2, −2, +4, −4, +6, −6 . . . ). Algorithm 4 selects images at 30% of muscle length (interpolated between images −2 and −1 above), 50% (interpolated between images +4 and +5 above), 80% (interpolated between images +10 and +11 above) as well as the sum of these three CSA measures. Algorithm 5: starting with the most proximal CSA measurement (−8 in the example above), every nth slice is measured (i.e. every 2nd: −8, −6, −4, −2, . . . , +12, +14; every 3rd: −8, −5, −2, +1 . . . ) with the sub-algorithms evaluating up to every 16th slice.
• Algorithm 4: the CSA at 30%, 50% and 80% of muscle length was calculated. If these positions fell between two images, linear interpolation between the two adjacent images was used to calculate the CSA measure at each percentage of muscle length.
• 4 sub-algorithms in total (30%, 50%, 80% and Sum 30,50,80% ).
• Muscle length was defined by the number of images in which the muscle was present (n images ).
• Where the 30%, 50%, or 80% lengths were not whole numbers, the CSA between the two adjacent images was linearly interpolated (e.g. when n images was 14 with the 30% position corresponding to the '4.2th image', then CSA 30% = CSA image4 + (0.2 * (CSA image5 -CSA image4 )).
• Algorithm 5: from the most proximal CSA measurement, sub-algorithms considered every 2nd, 3rd, 4th, 5th, 6th, 7th, 8th, 9th, 10th, 11th, 12th, 13th, 14th, 15th or 16th CSA measurements in the calculation of average muscle CSA (i.e. a certain number of images were skipped between CSA measurements in the calculation of muscle size). Example data from algorithm 2 testing for three muscles. Statistical modelling provided the difference in mean percentage change in muscle size during bed-rest for each sub-algorithm compared to muscle volume (top) as well as estimates of residual variance (bottom: these were then expressed as multiples of the variance when entire muscle volume was used (i.e. 100%)). Criteria 1 and 4 (top) were fulfilled with 11 CSA measurements in semitendinosus, 7 in gastrocnemius lateralis and 23 in sartorius. The variability of the percentage change in muscle size measures (criterion 2; bottom), obtained from statistical modelling, was higher than that of the percentage change in muscle volume with few CSA measures in the measure of muscle size, and this first reduced below that of muscle volume (100%) with four CSA measures in sartorius and seven in both gastrocnemius lateralis and semitendinosus. Thus, overall a minimum of 11 CSA measures are needed for semitendinosus, 23 for sartorius and 7 for gastrocnemius lateralis. The data presented in table 2 indicate the minimum number of CSA measurements to fulfil these criteria. See figure 3 and text for further details regarding variability.
For every measurement of muscle CSA calculated as part of each algorithm and sub-algorithm, the percentage change in relation to the baseline measurement (day 1 of bed-rest) for each muscle and subject was then calculated for each study date (days 14, 28, 42, 56) for use in further statistical analysis. In instances where baseline data were missing (see Belavý et al 2009b) , the percentage change compared to day 14 was calculated on days 28, 42 and 56. Custom written software (in the Labview 6i environment, www.ni.com/labview) was used to perform this data processing.
Statistical analysis
The main goal of this paper is to examine the accuracy of a limited number of CSA measurements to provide an accurate estimation of changes in muscle volume. As correlation coefficients are typically insensitive to estimator bias, in order for an algorithm, or subalgorithm, to be considered accurate, the following criteria were used.
• Criterion 1: the mean percentage change in the muscle CSA needed to be within 0.5% of the mean percentage change in muscle volume. See also figure 2.
• Criterion 2: the variability of the percentage change in muscle size was required to be the same or less than that of the variability of the percentage change in muscle volume. As part of statistical modelling using linear mixed-effects models, allowances for heterogeneity of variance (in percentage change in muscle volume) according to 'sub-algorithm' were made and the variance estimates were obtained from statistical modelling. The rationale for this criterion was that if the variability of the percentage change in muscle size were higher than that of muscle volume then this would indicate a greater degree of measurement error and hence, compared to muscle volume, restricted ability to detect the effects of an intervention. See also figure 2 (bottom panel) and figure 3 for further details.
• Criterion 3 (for algorithms 1, 2 and 3): a sub-algorithm was also rejected if the muscle length encompassed by the number of images was greater than the median muscle length. This median muscle length was derived from the available dataset of 20 subjects. This would otherwise imply that the amount of muscle volume required in order for the algorithm to succeed would be greater than that present.
• Criterion 4 (for algorithms 1, 2 and 3): sub-algorithm was also rejected if increasing the number of CSA measurements further resulted in criteria 1 and 2 being rejected (e.g. if criteria 1 and 2 were met with one CSA measure only, but not with two to seven CSA measures, then sub-algorithm with one CSA would be rejected).
These criteria were chosen as they are independent of the actual extent of change in muscle volume during bed-rest with or without exercise, and they focus on the accuracy of predicting the muscle volume change, whatever this may be. Linear mixed-effects models (Pinheiro and Bates, 2000) in the 'R' statistical environment (version 2.4.1, www.r-project.org) were used to generate the data to assess criteria 1 and 2. Fixed effects of 'day of bed-rest' (day 14, day 28, day 42, day 56) and 'sub-algorithm' (e.g. 30%, 50%, 80%, Sum 30,50,80% and muscle volume for testing algorithm 4) as well as their two-way interaction were used. Allowances for heterogeneity of variance for 'day of bed-rest' were made. To test whether the variability of the percentage change in muscle size (criterion 2) differed across sub-algorithms and muscle volume measures, a second model was fitted with allowances for heterogeneity of variance for 'sub-algorithm' as well. The variability estimates were then obtained from the model to assess whether the variability of the percentage change in muscle volume of a given subalgorithm was higher or lower than that of muscle volume. The difference in mean percentage Figure 3 . Data here from algorithm 2 show that variability of the percentage change in muscle size is less when only part of the muscle is measured. Estimates of residual variance were obtained from statistical modelling and these were then expressed as multiples of the variance when entire muscle volume was used (i.e. 100%). The number of CSA measures has been expressed as a percentage of the median number of CSA measures per muscle (i.e. as a percentage of muscle length). The variability of the muscle size measurement, obtained from statistical modelling, was high when few CSA measures were included. As more CSA measures were included, variability decreased and reached lower levels (∼30%). However, once more than 60-65% of the CSA measures were included, variability again increased, such that measuring entire muscle volume produced greater variability compared to measuring ∼60-65% of the muscle volume. This may seem counter-intuitive, but was probably due to the fact that as the last few CSA measurements were included (i.e. using algorithm 2, the anatomical origin and insertion of the muscle were reached), CSA is typically lower. Typically, operator measurement error will not decrease to the same extent, leading to a relative increase in variability. These data suggest that including 60-65% of a muscle's length in a measurement result in lowest outcome measure variability.
change in muscle size compared to muscle volume was then calculated for each sub-algorithm (criterion 1). Pearson's correlation coefficient was also calculated between the muscle volume and the raw measures of muscle size from each sub-algorithm.
Results
For brevity, details of algorithm testing are not presented here but are available in the online supplementary material from stacks.iop.org/PM/32/35/mmedia (tables 4-7). For descriptive purposes, the results of algorithm 2 for three muscles are presented in figure 2 . A summary of the results of algorithm testing is presented in table 1 along with data on muscle dimensions (volume, length). The table provides information on the minimum number of CSA measurements required for an acceptable estimate of muscle volume (for algorithms 1, 2 and 3) and whether measures taken at 30%, 50% or 80% of muscle length (algorithm 4) or by skipping a pre-defined number of slices (irrespective of the location of the peak CSA; algorithm 5) are appropriate for muscle volume estimates. For a typical data set (measurements from all of the muscles on one lower limb) there were 366 individual CSA measurements (representing the sum of the median image numbers in table 1). Using either algorithms 1, 2 or 3, typically required 193, 191 or 232 individual CSA measurements, respectively, to accurately estimate the volumes of all lower-limb muscles considered. This summary result indicated that algorithms 1 and 2 were generally better than algorithm 3. A comparison of algorithms 2 and 3 revealed that algorithm 2 resulted in the lowest numbers of required CSA measurements required to accurately estimate muscle volume for all muscles except the vastii, peroneals, sartorius and anterior tibial muscles. For these muscles as indicated by algorithm 3, selecting images spaced every 2 cm (thus covering a larger muscle volume) further reduced the number of images required for analysis. For both heads of biceps femoris in addition to the semimembranosus and gracilis, typically the whole muscle volume needed to be measured.
For algorithm 4, in no case did the approach of summating the CSA at 30%, 50% and 80% of muscle length (Sum 30,50,80% ) fits the criteria for acceptance. In some muscles (anterior tibial, gastrocnemius medialis, peroneal, tibialis posterior, thigh muscles, adductor longus, adductor magnus, rectus femoris, sartorius) selecting single CSA measures at 30%, 50% or 80% of muscle length could represent appropriate estimates of muscle volume.
Only for the adductor longus muscle did algorithm 5 satisfy the acceptance criteria: the sub-algorithm of choosing every second slice (starting with the most proximal CSA measurement) could be used as a surrogate measure, which was comparable (in terms of the number of CSA measurements needed) to the results of algorithm 2 for this muscle. For all other muscles, none of the sub-algorithms for algorithm 5 satisfied acceptance criteria.
Correlations between the raw measures of muscle size and the gold standard of muscle volume are presented for select algorithms in table 2. (Data on correlations for remaining muscle size measurement approaches are available from authors upon request.) As could be expected, as the number of slices included in the measure of muscle size increased (algorithm 2), the correlation with muscle volume tended to approach '1' (which would indicate a 'perfect' correlation). All the correlations were statistically significant (p < 0.01). Data on muscle volume prediction are contained in table 3.
Variability of the percentage change in muscle size measures (used in assessing criterion 2) decreased as more CSA measures were included and also decreased below that of the muscle volume measure (figure 3). Fitting a quadratic model to these data (R 2 = 0.58) indicated that minimum variability was achieved when approximately 60-65% of total muscle length was captured around the image with the peak CSA. At this point, estimates from quadratic fit indicated that variability would be approximately 30% of that when the entire muscle volume is measured, though this varied from muscle to muscle.
Discussion
As a large amount of operator time is required to manually measure muscle volume from MR images, in the current work we aimed to evaluate the ability of certain algorithms to provide appropriate surrogate measures of changes in muscle volume, based upon a limited number of MR images, associated with an 'intervention': in this case bed-rest with and without exercise. Whilst one work has examined this issue for the quadriceps muscle (Tracy et al 2003) , we wished to provide useful research tools for assessing changes in muscle size in a wide variety Muscle dimensions were averaged across all scanning dates for each subject and then across all subjects. The second column from left indicates the number of images in which the muscle was present. The mean muscle length was calculated given a slice thickness of 1 cm and interslice distance of 0.5 cm (i.e. mean number of images * 1.5 cm). In results of modelling, ' * ' and '-' indicate that no sub-algorithm fits the acceptance criteria (see section 2.4) and that either a different algorithm should be chosen or the entire muscle volume measured. For ' * ', the number given represents the median number of CSA measures for this muscle. Data on percentage change in muscle volume are pooled from all bed-rest subjects, and detailed effects of bed-rest with and without exercise are reported and discussed elsewhere (Belavý et al 2009a (Belavý et al , 2009b . ) is given for each prediction equation. Assuming b = 0 led to similar coefficients of determination for the fitted models. If these equations are used to predict muscle volume, results may be less accurate if average CSA falls outside the minimum/maximum range given. Where muscle volume could not be appropriately estimated by an algorithm, no data are given. The algorithms presented represent the 'best' (met criteria + least number of CSA measures) algorithms for a given muscle. of lower-limb muscles. The main findings of the study were algorithms for predicting muscle volume and muscle volume change based upon a limited number of MR images. Overall, however, the results of algorithm testing in the current work suggest that using an anatomybased approach (such as by orienting to areas of the maximal CSA) would generally be more successful than arbitrarily choosing select sections of a muscle. Nonetheless, the findings of the current study also suggest that there is no 'one size fits all' algorithm that is best for estimating muscle volume in all the musculature of the lower limb: the optimal algorithm will vary depending upon the anatomy of a muscle.
In considering the individual algorithms, the first algorithm we trialled (algorithm 1) took the largest CSA measure for a particular muscle and successively added the largest CSA measures in descending order, down to the smallest value. Whilst the results suggest that for some muscles, algorithm 1 requires fewer CSA measurements than other approaches; we would not recommend this approach as there is no guarantee that the largest CSA measures are necessarily located in adjacent images (which is particularly the case for long straplike muscles such as sartorius). Hence, the operator would have the additional difficulty of locating the images with the largest CSAs, necessitating more measurements than indicated by algorithm testing. We would advise against its use and concentrate therefore on the remaining algorithms.
The results of overall algorithm testing showed that algorithm 2, measuring the image with the greatest muscle CSA and then progressively adding measurements immediately distal and proximal to this, provided the most efficient and efficacious reduction in measurement time. The results showed that ∼370 individual CSA measures are required to measure muscle volume of one lower limb in a typical male subject (assuming a MR-slice thickness of 1 cm and interslice distance of 0.5 cm). These results suggest that using algorithm 2 would almost halve the required number of measurements to accurately estimate muscle volume. Using this technique, however, the total number of CSA measurements required varied from one muscle to the next.
Whilst algorithm 2 was the optimal surrogate measure for muscle volume for the majority of lower-limb muscles, there were a few exceptions. For the vastii, peroneal, sartorius and anterior tibial muscle groups, analysis showed that it would be more time efficient, if the operator were to select images spaced wider apart (2 cm; algorithm 3), thus assessing a greater muscle volume with fewer measurements. For both heads of biceps femoris, semimembranosus and gracilis, analysis showed that it is not possible to select a smaller number of CSA measures and the entire muscle volume must be measured. Some caution should be applied for adductor magnus, as it is likely that a proximal part of the muscle was not captured in the imaging process (see supplementary data available at stacks.iop.org/PM/32/35/mmedia, figure 5). For the remaining eight muscles groups, algorithm 2 remained the most efficient approach, with the necessary number of measurements listed in table 1.
Algorithm 4 considered whether CSA measures taken along a muscle (30%, 50% and 80% of muscle length as well as the sum of these three measures) could provide appropriate estimates of muscle volume. In no case did averaging these three CSA measures prove accurate in tracking changes of muscle volume due to the intervention of bed-rest. In only a limited number of muscles did testing suggest that choosing a CSA measurement at a particular length of the muscle could provide an appropriate surrogate measure for muscle volume. In a number of these positive cases, the correlation between raw muscle volume and the CSA at the particular muscle length was not very high, typically being in the range of 0.45-0.77. As the positions along the length of the muscles were chosen arbitrarily, and not on anatomical considerations (such as in relation to the region of peak CSA), we would advise further validation of the successful measures from this algorithm with another unrelated dataset before these approaches are implemented in future work. Such further testing would ensure that these results could be generalized to other datasets and were not just peculiar to the dataset evaluated in the current work.
Algorithm 5 considered whether starting at the most proximal point of a muscle and then skipping a fixed number of images between CSA measures (e.g. to choose every second or fourth image as in Tracy et al (2003) ) could be used instead of having to measure every image. Based on the criteria we used for accepting algorithms, only in one case (adductor longus, every 2nd CSA measure) was this approach successful. This approach failed mainly because the sub-algorithms variability was almost always higher than the muscle volume measure and researchers would need to be satisfied with greater outcome measure variability in order to be able to implement this approach (see also supplementary table 7 available at stacks.iop.org/PM/32/35/mmedia). It may at first seem surprising that algorithm 2 requires only one CSA measurement for adductor magnus but that algorithm 5 requires many more. It should be remembered that the two algorithms have different anatomical starting points and different progressions (in terms of where additional slices come from). For these reasons it is understandable why they yield different results.
An important secondary finding of the current study was that those algorithms found to be accurate in tracking changes in muscle volume were also very good predictors of raw muscle volume, when considering the correlations between muscle volume and muscle size (table 2). The converse of this finding was that although a correlation between muscle volume and muscle size measure from one of the algorithms may have been 'high', this did not imply that the same measure could accurately track changes in muscle volume during the intervention of bed-rest. Based upon data presented in other works (Albracht et al 2008 , Esformes et al 2002 , Lund et al 2002 , Mathur et al 2008 , Morse et al 2007 one may be temped to argue that a 'significant correlation' between raw muscle volume and another measure of muscle size (e.g. one CSA measurement) indicates that the surrogate muscle CSA measure can be used instead of muscle volume in an interventional study. The results of the current study clearly show that this assumption cannot be made. It is important to remember that a correlation coefficient (r) of 0.5 means, in the current context of muscle size quantification, that only 25% of the variance in the muscle volume can be explained by the surrogate muscle size measure (see Moore and McCabe (2006) , pp 141-2). Similarly an r of 0.9 still leaves 19% of the variability of the surrogate measure unrelated to muscle volume changes, which could be associated with greater measurement error and/or differences in muscle morphology. This is certainly the underlying reason for our findings that high and statistically significant correlations between muscle size measures and the whole muscle volume may be observed, but that the particular muscle size measure is inadequate for following the changes in muscle volume with an intervention.
Will the approaches suggested in the current study actually save operator time? If an operator, using MR images of 1 cm thickness at 0.5 cm separation, wished to measure all the lower-limb muscles evaluated in the current study, approximately 370 manual CSA measurements would be required to measure all muscle volumes. If the operator were to measure, as suggested by the results of the current study, the vastii, peroneal, sartorius and anterior tibial muscles using algorithm 3, the entire volume of the two heads of biceps femoris, semimembranosus and gracilis and the remaining nine muscles as indicated by algorithm 2, then ∼157 individual manual CSA measures would be required. This represents a reduction of ∼60% in the total number of image measurements. As an operator can visually assess the region of muscle with the greatest CSA and hence begin measuring here, the overall operator time saved will be considerable.
It is also important to consider the limitations of the findings from the current study. One issue that should be considered first is that we chose specific criteria for accepting algorithms. On the one hand, expecting that variability of the measure (criterion 2) to be at least the same as or less than the 'gold standard' change in muscle volume measure is a reasonable expectation. Choosing a threshold of 0.5% for the mean bias (criterion 1) could however be considered arbitrary. Other researchers may wish higher (or be satisfied with lower) accuracy. To this end, the data presented in the supplementary tables (available from stacks.iop.org/PM/32/35/mmedia) will enable other researchers to define algorithms based upon their preferences for 'accuracy'.
It should also be noted that the most successful algorithms (2 and 3) depend upon the detection, by the operator, of the MR image(s) with the maximal muscle CSA. Whilst in our experience this is not difficult for the skilled operator, it is imperative that those implementing such measurement approaches have a good knowledge of functional anatomy. Such tasks should not be left to the novice operator.
Furthermore, in our MR data we did not have contiguous slices, but rather had a 0.5 cm interslice gap with the 1 cm thick slices. Whilst this is unlikely to greatly influence the muscle volume estimates in the current work, it is likely that the variability of muscle volume measures would be even lower with contiguous slices (cf variability results from testing of algorithm 5). Related to this, we used linear interpolation for calculating muscle volume. It may be possible that more accurate interpolation methods could be used for calculating muscle volume (e.g. as presented in Nordez et al (2009)), though such analyses are beyond the scope of the current work.
As not all future studies will use the same MR-imaging approach (1 cm slice thickness, 0.5 cm interslice distance), for those muscle volumes that were suitably represented using algorithm 2, we would advise other researchers to measure an equivalent amount of muscle around the region of greatest CSA: for example, for soleus, four images, or 6 cm of muscle length using the current protocol would be required. For another imaging protocol, such as with 0.5 cm thick slices and 0.5 cm interslice distance, an equivalent amount of muscle would be captured by six images around the image with greatest CSA. The same methods can be applied for volume estimations of the muscle groups suitably represented by algorithm 3, by simply doubling the muscle length incorporated.
Conclusions
We examined the ability of different muscle size measurement approaches to accurately track changes in muscle volume as a result of bed-rest. We found that an approach selecting the MR image with the highest muscle CSA and then, depending on muscle, a number of CSA measures immediately distal and proximal, provided an acceptable estimate of muscle volume. In the vastii, peroneal, sartorius and anterior tibial muscle groups, results can be attained more time-efficiently by increasing the spacing between CSA measures, thus incorporating a larger muscle volume. In the two heads of biceps femoris, semimembranosus and gracilis, it is not possible to reduce the number of CSA measures and entire muscle volume must be evaluated. These findings help in choosing optimal algorithms for measuring muscle volume changes based on MRI. Muscles are: vastii (V), semitendinosus (SEMI_T), semimembranosus (SEMI_M), sartorius (SART), rectus femoris (RF), gracilis (GRAC), biceps femoris long head (BFL), biceps femoris short head (BFS), adductor magnus (AM), adductor longus (AL), flexor digitorum longus (FDL), gastrocnemius lateralis (GLAT), gastrocnemius medialis (GMED), peroneal group (PER; peroneus longus, brevis and tertius), soleus with flexor hallucis longus (SOL), anterior tibial muscles (ANT; tibialis anterior, extensor digitorum longus, extensor hallucis longus), tibialis posterior (TIBP) Supplementary Figure 4 : Profiles of the calf (top) and five thigh (bottom) muscles. Data were resampled from original cross-sectional area (CSA) data such that 19 measurements were interpolated between the first (0%) and last (100%) CSA measurements. Average CSA profiles were then generated for each subject from all his measurements and then averaged between subjects to generate the data presented here.
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